This paper determines, by experiments, the CO emissions at idle running with 1,785 vehicles powered by spark ignition engine, in order to verify the correctness of emissions values with a representative sample of vehicles in Serbia. The permissible emissions limits were considered for three (3) fitted binary logistic regression (BLR) models, and the key reason for such analysis is finding the predictors that can have a crucial influence on the accuracy of the estimation whether such vehicles have correct emissions or not. Having summarized the research results, we found out that vehicles produced in Serbia (hereinafter referred to as "domestic vehicles") cause more pollution than imported cars (hereinafter referred to as "foreign vehicles"), although domestic vehicles are of lower average age and mileage. Another trend was observed: low-power vehicles and vehicles produced before 1992 are potentially more serious polluters.
Introduction
The emissions from a motor vehicle vary under different driving regimes [1] . One of the specific regimes is idle running, in which a vehicle may spend more than 25% of the operation time [2] . Testing of emissions at idle running was originally developed for vehicles that had very little or no emission control, which made it possible to detect the badly tuned and/or defective engines. Such vehicles are usually equipped with a mechanical carburetor or fuel injection system where the ratio of air-fuel mixture at idle running corresponds to the ratio of air-fuel mixture under load. Therefore, measurements of CO emissions at idle running (e.g., 2500 rpm) provide a reasonable indication of emissions under normal operating conditions for vehicles with a mechanical system of fuel supply control. Such vehicles include technologically old-fashioned automobiles that are used mainly in developing countries, such as the Republic of Serbia. Large proportion of total emissions from modern vehicles equipped with emission control system is caused by a small percentage of vehicles with a defective emission control system. The research carried out by Guensler [3] proved that 5% of the vehicles cause up to 25% of total emissions, 15% of the vehicles cause up to 43% of emissions, and 20% of vehicles are responsible for 60% of emissions. If we want to consider emissions by type of harmful substances, Faiz et al. [4] demonstrated that 20% of vehicles cause 43% of the total CO emission.
The research indicated how the introduction of stricter limits of CO emissions at idle running is socially and politically acceptable [5] . CO idle concentrations were compared to international standards, and the tested vehicles were found to exhibit large failure rates, indicating the need of developing country-specific emissions standards. By measuring the actual distribution of emissions in the sample of Lebanese vehicles, the emissions standards were set so that a maximum of 20% of the vehicles would fail. Such failure rate would be considered socially and politically acceptable and is not expected to raise a significant public opposition to the program.
To identify the characteristics of vehicles that are significantly associated with emission test failures the most commonly used are multiple and logistic regression. Although in such cases the logistic regression is a more appropriate solution, in [6] multiple regression is used, which showed that engine size and type, age, and manufacturer significantly affect amounts of emissions. Larger-size engines emit smaller amounts of emissions, whereas older engines emit greater amounts.
However, the results and conclusions of the influence of vehicle characteristics using the logistic regression analysis are divided. Thus, for example, in [7] it was identified that a vehicle age or model year, except for the latest model catalyst-equipped vehicles, has little influence on emissions performance. On the other hand, the results of the study in [8] indicate that a vehicle age, vehicle manufacturer, number of engine cylinders, odometer reading, and whether or not oxygenated fuels were in use all play a significant role in determining the emissions test results and these statistical findings can be used to selectively target those vehicles most likely to cause high rate of air pollution. Also, the research in [9] used nearly 4 million records of data to estimate logit models of test failures and regression models of vehicle emissions. The vehicle age, fuel economy, mileage, engine characteristics, weight, make, general maintenance, and the seasons also are found to be strong determinants of emissions and test failure rates. Similarly more precise conclusions presented in paper [10] indicated that vehicles over 10 years old, engine size smaller than 2,000 cc, and odometer readings over 100,000 km would substantially increase the likelihood of finding high polluting vehicles.
Unlike binomial logistic regression, in [11] a new multinomial logit model is developed to identify the factors that are significantly associated with identified failed and gross polluting vehicles. The results are similar and also indicate that factors such as odometer reading, model year, and the vehicle make, along with the presence of modern emission control systems, are significant factors in predicting the likelihood being labeled as a failed vehicle and a gross polluter.
However, none of these studies provided the answer to the issue of how the influence of the abovementioned vehicle characteristics changes by the introduction of stricter emissions limits. The answer to this question can be provided by this research. In [12, 13] the choice of using the relevant logistic method in data analysis is discussed. In [14] [15] [16] variables in logistic regression models for ordinal and binary data calculations are shown. In [17] [18] [19] [20] relationships between engine characteristic and emissions in urban and rural environments are analyzed.
The main reason for this study is the fact that the average age of vehicles in the Republic of Serbia (2011) is 17.5 years (Ministry of Internal Affairs of the Republic of Serbia, 2011). By identifying the dominant predictors which have impact on the resident CO emissions, as well as acting on them, we can create a possibility of early establishment of stricter emission standards and thus also a better protection of the environment and human health. The following sections describe the experiment and the methodology by which the obtained results were processed.
Method and Equipment for Emission Measurement
The experiment including measurements of CO emissions from passenger cars with spark ignition engine was carried out at 13 
Methodology of Results Processing
The goal of the binary logistic regression (BLR) analysis is to find the model that is best adapted to the data but is still an acceptable model that describes the relationship between the dependent variable and a set of independent ones describing it. The dependent variable is usually marked and independent one . The probability of occurrence of one of the binary events ( = ), = 0, 1, for the case with several independent variables ( ), = 1, 2, . . . , , can be presented in the following form [21] [22] [23] :
where , = 0, 1, . . . , , are logistic regression coefficients. Pearson 2 statistics of residuals and their deviation may constitute a quality measure of rating compliance of the model with the output results. However, a problem occurs when ≈ (the number of unique experiments, i.e., the covariate patterns equal or approximately equal to the number of experiments) because the obtained values and used 2 − −1 distribution are incorrect [22] . Since in this experiment ≈ (1771 ≈ 1785), we will describe briefly the statistics that will help us avoid the abovementioned problems, that is, Hosmer and Lemeshow goodness of fit (HL-GOF) statistics [24, 25] .
Hosmer and Lemeshow showed that, for = (as well as ≈ ) and when the fitted logistic model is the correct model, the distribution of HL-GOF statistics (̂) approximates well with the 2 −2 distribution. Given that in this case we used the grouping method based on percentiles of the estimated probabilities (because many of the estimated probabilities are less than 0.2) HL-GOF statistics usually take = 10 groups. These groups are often referred to as the "deciles of risk. " Also, it is believed that the model agrees well with the data if the value of the corresponding 2 −2 statistics is greater than 0.05 [22] .
The permissible limits for a vehicle to pass the emission test were considered for 3 BLR models, with the engine at idle running and high number of revolutions (2,500 rpm). The first model adopts the strictest standard or limits for CO in the state of Oregon (USA model) (≤1.0% vol CO). The second model adopts the limits specified in Article 82 of the Rules of the Division and the Technical Conditions of Motor Vehicles in Traffic of 26.04.2012, which stipulates that the vehicles registered for the first time in the Republic of Serbia before March 1st, 2014, have to emit less than 4.5% vol CO, at engine speeds at operating temperature and idle running (SRB model). However, since the Republic of Serbia is a candidate for membership in the European Union (EU), the abovementioned rules comply with EU directives for vehicles registered for the first time after March 1st, 2014. Therefore, the third model will adopt its regulations (EU model) (92/55/ECC: vehicles with carburetor: ≤3.5 and with injection: ≤0.3% vol CO).
The methodology applied for estimation of the cumulative and absolute frequency of the tested vehicles is given in [26] [27] [28] in which the algorithm approach and software for the selected distribution that best approximates the experimental data are described.
The following paragraphs present the calculation methodology of SRB, USA, and the EU BLR models.
The final models had to meet the following requirements:
(i) Independent variables have a significant impact on the dependent variable, if their Rao's score statistics are significant, that is, when it is tested by 2 distribution with one degree of freedom, and at the same time the required value being equal or less than 0.05 is satisfied [29] .
(ii) The lower the −2 value, that is, -2 log likelihood value, of the new model (-2 ( )), the better the fit of the BLR model [30] . Logistic regression measures model estimation fit with the value of -2 times the log of the likelihood value, referred to as −2 .
(iii) The model is statistically significant if the difference of the credibility logarithms of the new ( ( )) and the base model ( (0)) is such that value being equal or less than 0.05 is satisfied when it is tested by 2 distribution with + 1 − degree of freedom ( , number of individual effects of the new model ( ); , number of parameters in the base model (0) which is always one, since the constant is the only parameter to be estimated) [31] . That is, we have to check whether the model with the sample is good enough to apply to the whole population (Omnibus test).
(iv) In assessing the significance of the coefficients of independent predictors (and their subcategories) using Wald's test, all these have to be significantly different from 0, that is, to be tested by 2 distribution. The condition is satisfied for value being equal or less than 0.05 [23] . statistics must be greater than 0.05 ( : "deciles of risk, " and they cannot exceed 10) [22] .
After satisfactory combinations of the predictors have been selected, these predictors have to be ranked so that the predictors' group, for which % of correct classification (Percentage Analyses, PA) [32] is the largest and the coefficient of the Nagelkerke determination (
2 ) [33] is the highest, constitute the group with the highest impact on the probability results of the dependent variable in which a vehicle failed the CO emissions test (i.e., ( = 1)).
The rate of the individual impacts of independent variables in the group will be evaluated according to the following criteria.
Criteria I. The higher the Wald's statistics value of the predictor, i.e. the higher the value of the relationship between a predictor's logistics regression coefficient and its standard error, the greater the probability that its (predictor) impact is significant.
Criteria II. The further odds ratio of the independent variable from 1 is, the greater the predictor's impact is [31] .
Criteria III. The area under the curve (AUC) essentially assesses the quality of predictors in the established model, whose calculation requires the plotting of ROC curve [23] . ROC stands for Receiver Operating Characteristic and when applied to a logistic model, an ROC is a plot of sensitivity (Se) (Se, the proportion of true positives among all cases) versus 1 -specificity (1 -Sp) (Sp, the proportion of true negatives among all noncases) derived from several cut-points for the predicted value. It is necessary to emphasize that, for a given cut-point, the closer both the sensitivity and specificity are to 1, the better the discriminatory performance [22] .
Results and Discussion
When setting a BLR model, the first thing you have to do is to select those variables (predictors) that you believe, based on your intuition or experience, can affect the test results. Table 1 presents the contingency table, that is, the results of the Pearson correlation coefficient ( ) between all the assumed predictors affecting the results of the abovementioned emissions test.
The contingency table clearly shows highly significant correlation between the engine power and displacement, so one of them has to be eliminated as a potential model predictor. The reason is that if we adopt predictors which are strongly correlated, they will be in constant collision in the model; that is, they will share the variance and cause errors in the output results. Due to the lower standard deviation (SD EP = 20; SD ED = 305) and standard error (S@ EP = 0.4; S@ ED = 8.1) of engine power compared to its displacement, the second enumerated predictor is eliminated as a possible predictor of the model. Another reason for the rejection is the conditions imposed on by the BLR, which require that the minimum number of samples should be at least 400 [23] . In order to provide the model accuracy, every single subcategory of the potential independent variable needs to fulfill the requirements, which is not achieved with the division of predictor ED. Table 2 presents the adopted predictors of BLR starting model. The subcategory of engine power up to 40 kW is of similar average age with both domestic and foreign vehicles, and since the abovementioned category rises, the average age and consequently the average mileage are higher with foreign vehicles. Foreign vehicles with carburetors are on average older by 3 years and with the injection system by 9 years than domestic vehicles. Also, foreign vehicles have the average mileage greater by 84%. In addition, 45% of the sampled foreign vehicles do not have a catalyst, and 41% of them do not have a modern system of fuel supply. Figure 1 shows threedimensional (3D) plot diagram dependency of the other two predictors (OR and VA) with CO emission results at axis. Figure 1 unambiguously demonstrates that foreign vehicles have lower average emissions so we can deduct that domestic vehicles cause more pollution than foreign vehicles. This is confirmed by the mean value of CO emissions ( domestic = 3, 6; foreign = 1, 99). One of the reasons is that 97% of the sampled domestic vehicles have a carburetor and no CAT. Figure 2 (a) shows the number of vehicles that meet the emissions standards. If we used the SRB emission model, 85% of vehicles would meet the required norms, but if we adopt the strictest emission limit (USA model), the number results in further increase of the number of vehicles with improper emissions by 60%. The EU emission limits are met by 44% of vehicles. The adequacy of the null hypothesis : ∼ Dagum( ; ; ) is tested by using -Kolmogorov test for the adopted probability of = 0.95 (Figure 2(b) ). The critical value ( ) can be estimated as = ( )/√ = 0.03219. Since the condition is satisfied, sup | ( ) − ( )| = 0.02916 ≤ , we can accept the null hypothesis, : ∼ Dagum(5.088; 5.046; 0.176), that the probability density function of the Dagum distribution (Type I) best approximates the experimental data ( value is 0.09423). Calculated Rao's score statistics of univariable (i.e., with single independent variable) logistic regression with all the three models proves that all predictors have an impact on model results, except for the predictor OR in the model SRB (the value of the score statistic is 2.55 and it is not significant, because value of tested 2 1 distribution is 0.1111). Therefore we will not take into account the predictor OR as the one which can possibly affect the results in the model SRB. The results in Table 3 were obtained by selecting the combinations of the set of predictors and their classification and ranking according to the predefined requirements.
It is necessary to emphasize that we will not evaluate the models that contain joint impact of two or more predictors but we will evaluate only those models that include the individual predictor's effects. 
(2)
In Table 4 , column 3 contains the logistic regression coefficients and column 4 contains their standard error, while the last column contains odds ratio, that is, logistic regression coefficient exponent of the considered predictor.
Now that all predictors of the fitted SRB, EU, and the USA models are identified, the significance of individual impacts has to be assessed. If we use the SRB model to analyze the impact of independent variables through the ratio between Wald's statistics and the standard error of the predictor logistic regression coefficient, we obtain the result that the vehicle age is the greatest. Since it is a discrete type of predictor, it is 6 Mathematical Problems in Engineering (2): second subcategory in the category of engine power (>71 kW); SFS(1): first subcategory in category of the system of fuel supply (vehicles with carburetor); K(1): first subcategory in the category of the catalytic converter (CAT) (vehicles without CAT).
necessary to calculate the odds of test failure for a 10-or 20-year-old vehicle. If the vehicle is older by 1 year, the odds of failure increase by 1.08 times. If the vehicle is older by 10 years, the odds increase by 2.15 times, while in case of a vehicle older by 20 years the odds of failure increase by 4.7 times. If we want to find out % of increase in the probability of failing the test with vehicles 5-, 10-, or 20-year old, it is necessary to obtain a new odds value as a product of the old odds value, the odds ratio value, and the change in the independent variable [30] . Thus, a 5-year-old vehicle has the increase of the probability of test failure by additional 31%, a 10-year-old vehicle by 41%, and a 20-year-old vehicle by 45%.
The exponent of the logistic regression coefficient represents the change of the odds resulting from the change of the predictor variable by one unit. Therefore, increasing the age of vehicle by 1 year, the odds of the vehicle failing the test increase by 8%, while for the USA model the increase would be 82.2%. Applying the emissions standard stricter by 4.5 times would result in the increase of odds of the emissions test failure by ∼10 times with only one-year increase of age.
Based on the relation between Wald's statistics and the standard error of the logistic coefficient of predictors, the total mileage covered by a vehicle occurs as the most influential predictor in the models of the EU and the USA. The explanation that a vehicle has odds of emissions test failure greater by 1.000017 times after it covers only 1 km more is unreasonable. It would be more realistic to take into account how much the change of odds would increase after the vehicle covers additional 5000, 10000, 50000, or 100000 km. Table 5 provides the required answer.
From Table 5 described, it is possible to deduct that, by applying the EU model, which has been in force since March 1, 2014, the sampled vehicles used in Serbia have 5.47 times greater odds of emissions test failure having covered each 100,000 km, while the adoption of stricter emission norms (USA) would increase the odds of failing by 90 times or 9.5 times for each 50,000 km covered.
Comparing the first two tests of influence of the predictors in Table 4 , we can see that there is a significant divergence in the results, so it is necessary to consider the third criterion as well. However, before we do that by using ROC curve, we will analyze the only predictor of the category with more than two subcategories, the engine power.
Reference subcategory comprises engines up to 40 kW ( Table 2 ). The coefficient exponent of subcategory 1 (0.465) and subcategory 2 (0.319) in model SRB (Table 4) is the odds ratio of a vehicle failing emissions test compared to reference subcategory. Since these values are lower than 1, it is necessary to observe the inverse proportional relationship; that is, 1 is to be divided by the obtained/resulting coefficient exponent (odds ratio value lower than 1 reduces the probability of the vehicle having failed the test; i.e., it increases the probability of the vehicle having correct emissions values). Thus, in the SRB model, the engines in subcategory 1 have 2.15 times greater odds of fulfilling emission standards than the engines in reference subcategory, while the engines in subcategory 2 have 3.13 times greater odds to fulfill the emissions standards. Since this predictor is applied in all 3 models, Table 6 shows the analytically summarized relations. It clearly indicates that the stricter the emission standards are, the greater the odds of high-power engines to have correct emission values are.
As already noted, disagreement between the first two criteria of the evaluation of predictors' impact is evident. The answer can be obtained by using a ROC curve. The area under the curve (AUC) provides the value that can be compared and placed within the defined boundaries of separating quality. The larger the area under the curve, the better the discrimination [22] .
The AUC values for influential predictors of SRB model are VA (0.702), EP (0.306), SFS (0.698), and K (0.691). It is notable that only the predictor VA has acceptable separation, whereas variables SFS and K belong to a group with poor separation. For this reason, cut-point is determined (Figure 3) , showing that the SRB model has acceptable separation on vehicles which have passed the test, compared to those that have not at the 19-year-old vehicle, and such event has 50% probability to occur. The predictor EP is far below the reference curve, but this can be explained by the abovementioned predictor having a greater impact on the assessment of vehicles that can pass the test, that is, which have correct emissions. That is why we can claim that, in the SRB model, variable VA constitutes the highest quality predictor of accuracy of whether the vehicle has failed the emission test.
The AUC values of the influential predictors of the EU model are OR (0.711), EP (0.568), SFS (0.350), and K (0.424). Predictor OR has acceptable separation, while EP belongs to a group with poor separation. For this reason, the cut-point is determined (Figure 3) , which shows that the EU model has the most accurate separation of the vehicles that have passed the test compared to those that have not when they have covered 110,000 km. In the conclusion, the predictor OR is the highest quality variable of output results accuracy assessment if the vehicle failed the emission test. Figure 3 shows the results of the USA model and the AUC values for influential predictors of the USA model are OR (0.623), VA (0.890), EP (0.222), SFS (0.919), and K (0.936). Considering the AUC value, the predictors, SFS and K, have exceptional separation of correct answers from the incorrect ones, while the independent variable VA, now in the USA model compared to SRB model, in the estimation of the correct answers goes up by one level in the separation quality scale, and now is in the group that performs excellent separation. The total mileage in the USA model does not constitute a quality indicator, whereas the predictor: fuel supply system makes it possible to make a better estimation which vehicle has passed the CO emissions test. The USA model has the most accurate separation to the vehicles that have passed the test from those that have not passed it at 11-year-old vehicles. Thus, we can deduct that by introducing stricter emissions standards, the predictor VA improves its quality in terms of accuracy of properly graded vehicles that have failed the test.
If we compare the 3 quality assessment tests, that is, the significance of predictors in the model, we can perceive complete concordance between criteria I and III, which additionally assure us that a vehicle age is a very influential variable in case of extreme emissions limits, whereas the predictor OR is the most influential in case of moderate emissions limits (model EU).
Finally, we have to consider the probability results of a vehicle failing the emission test for the reference model SRB. Thereat, Figure 4 is first shown with the division in domestic and foreign vehicles and predictors VA and EP (Figures 4(a) and 4(b) ).
It is obvious that domestic vehicles have a greater probability of failing the test than foreign vehicles. This also applies to vehicles of lower engine power, that is, lower displacement (since a strong correlation has been proven between the abovementioned predictors in Table 1 ).
Figure 4(c) shows the probability diagram of the model SRB, depending on the most influential predictor VA with the confidence interval of the case occurrence in 95% vehicles (population). It can be deducted from the figure that the sampled vehicles in Serbia demonstrate huge differences in the probability of emission test failure with cars in the age group 16 to 20. Taking the average probability of the test failure of 9%, the critical vehicle is 16 years old, and this probability would rise to 21% within next four years. The difference of 12% in only four years is a clear indication of rapid increase of number of vehicles with improper emissions, such vehicles being produced before 1992. It is indicated that since that year, most of the world's car manufacturers have been installing catalyzers in serial production, all in order to meet the new EURO1 emission standards.
Conclusions
One of the conclusions of the experimental studies of emissions test is that according to the current legislation, that is, the model SRB (≤4.5% vol CO), a vehicle age influences the most the probability of it failing the CO emission test. Domestic cars, although of lower average age and mileage, cause more pollution than foreign cars and are more likely to fail the test. Introduction of the emission standard stricter by 4.5 times would result in 10 times larger odds of the test failure with each additional year of age. With the current standard of the CO limits, it is satisfied by 85% of the 1,785 sampled vehicles in Serbia. However, if we applied one of the world's most demanding standards (the State of Oregon, USA), only 25% of the vehicles in use would pass the emissions test. This means that another 60% of vehicles would have incorrect emissions.
The results of this study can be used for defining the factors that contribute the most to increase of the number of vehicles with improper emissions and considering the change of impact of those factors depending on introducing stricter emission standards, but there are also some other practical uses. One of them is evaluating the possible incentives (reduction registration of vehicles taxes, etc.) owners to invest in the maintenance of their vehicles in order to reduce the negative environmental impact of each vehicle.
